Desulfurization control of natural gas has long been a challenging industrial issue owing to its inherent difficulty in establishing accurate mathematical model for the nonlinear and strong coupling process. In this paper, a data-based adaptive dynamic programming (ADP) algorithm is presented to solve optimal control for natural gas desulfurization. First, neural network (NN) is used to reconstruct the dynamics of the desulfurization system via the input and output production data. Then, an improved unscented Kalman filter (IUKF) aided ADP method is presented to solve optimal control problem for desulfurization system, where IUKF algorithm is developed as a new weight-updating strategy for the action network and the critic network. The IUKF aided algorithm can improve the convergence speed as well as the anti-interference ability of the ADP controller. Furthermore, the proposed IUKF-ADP algorithm is implemented using the heuristic dynamic programming (HDP) structure. Finally, the effectiveness of the proposed IUKF-ADP algorithm is demonstrated through experiments of the natural gas desulfurization system.
I. INTRODUCTION
Natural gas known as a high-quality clean energy has significant economic benefits. However, many natural gas fields are contaminated with several impurities such as hydrogen sulfide (H 2 S), carbon dioxide (CO 2 ) and other sulfur compounds. For example, the H 2 S content in the natural gas is up to 10%-17%, and the organic sulfur compound is more than 340mg per cubic meter of natural gas in Puguang gas field of China. H 2 S in the gas can damage equipment and corrode pipeline, also it pollutes the environment and reduces heating value of natural gas. To satisfy the requirement of the gas processing and the environmental management, these impurities should be removed from natural gas before injecting in the transportation pipeline. The purification processes that remove the acid gas impurities are referred to as natural gas desulfurization processes. In modern natural gas industry, a preferred The associate editor coordinating the review of this manuscript and approving it for publication was Pietro Savazzi . approach is to absorb the acid gas into aqueous solutions of alkanolamines [1] , [2] . Methyldiethanolamine (MDEA), which is a commercial alkanolamines, is widely used in natural gas desulfurization processes, due to its higher H 2 S selectivity, absorption capacity and lower littler corrosion. When feed gas contacts with MDEA, a complicated physicochemical reaction and substances transformation will occur. Uncertainty, nonlinear, strong coupling and dynamics exhibited in the desulfurization processes. It is very difficult to establish an accurate mathematical model for this process. Therefore, the desulfurization control is very complex.
In recent years, adaptive dynamic programming (ADP) has been employed to solve nonlinear optimal control problems [3] - [9] . The significant advantage of ADP is that the controller is less dependent on the mathematical model of the system. To satisfy requirements of optimal principle, neural networks (NNs) are used to approximate the value function and the control law via online or offline data [10] - [13] . Due to the promising control VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ abilities of ADP, many successful industrial applications have been presented in recent decades [14] - [16] . In [17] , a Levenberg-Marquart (LM) approach was presented to optimize weight-updating of action network in the looper system of hot strip mill. In [18] , a goal representation heuristic dynamic programming (GrHDP) method was developed and applied to power system stability and transient control. In [19] , a nonlinear discounted optimal regulation method base on event-driven adaptive critic framework was applied to power system. Besides, wide area control for a large wind farm system in [20] , helicopter trimming and tracking control in [21] and among others [22] - [25] . Although ADP algorithms have been used in industrial systems successfully, many algorithms also require the accurate system model. However, it is difficult to establish an accurate mathematical model for most real industrial control systems owing to the complex production process, such as the natural gas desulfurization system. Hence, many model-based control methods cannot be used to the natural gas desulfurization system.
To address this problem, data-based control approach based on ADP is developed for industrial applications with unknown mathematical model [26] - [28] . In [29] , a databased self-learning control approach was proposed to track the engine torque and air-fuel ration control, where NNs are used to construct the engine model. In [30] , a novel data-based iterative ADP approach was developed to solve the optimal temperature control problem of the water-gas shift reaction system, where NNs are employed to reconstruct the dynamics and the reference control. Similarly, a databased iterative optimal learning control method was presented to solve the coal gasification optimal tracking control problem [31] . In [32] , a neural identifier was designed to remodel the unknown system, and optimal control law and the worst-case interference law are developed for smart microgrid. In [33] , a model-free data-based algorithm was proposed to obtain the optimal control law of the industrial flotation process, however, this method does not consider the noise interference.
In this paper, a novel data-based optimal control algorithm based on ADP structure is developed for desulfurization control of natural gas. First, NN model is established using the input and output production data of the system, where the mathematical model of the desulfurization system is not required. Then, the desulfurization control problem is formulated as an optimal problem by establishing a performance index function. Furthermore, the data-based ADP control method is developed to obtain the optimal control law. To improve the convergence speed of the controller, the IUKF algorithm is presented as a new weight-updating strategy for the action network and the critic network. Meanwhile, IUKF algorithm can reduce noise interference and enhance the anti-interference ability of the desulfurization system. Experiments demonstrate the availability of the proposed method.
The key contributions of this paper are summarized as follows:
1) A data-based ADP algorithm is developed to solve optimal control problem of the nature gas desulfurization process, where the system model is unnecessary. 2) IUKF algorithm is proposed as a new weight-updating strategy to train weights of the action network and the critic network.
3) The proposed IUKF-ADP algorithm can provide the action network and critic network with fast convergence speed, and it also can improve anti-interference ability of the controller.
This paper is organized as follows. In Section II, a brief introduction of the natural gas desulfurization process is presented, and the desulfurization control is formulated as an optimal control problem. Section III presents the dynamic reconstruction of the desulfurization process using NNs. In Section IV, IUKF algorithm is developed and NNs implementation of the IUKF-aided ADP algorithm is presented. In Section V, experiment results and discussions are given in detail. Finally, concluding remarks are given in Section IV.
II. PROBLEM FORMULATION A. DESULFURIZATION PROCESSES DESCRIPTIONS
The natural gas desulfurization system consist of several components: desulfurization unit, dehydration unit, sulfur recovery unit, and tail gas treatment unit. Specially, the desulfurization unit is the key for the natural gas purification. Generally, there are two instruments in a desulfurization unit, i.e., feed gas filter and absorption tower, which is shown in Fig. 1 .
First, the feed gas stream with high sulfur was transported into the filter plant, and the solid particles were filtered from the gas stream by using the gas filter separator. Then, the gas stream was transported to the bottom of the first level absorption tower. In the absorption tower, the MDEA solvent absorption has a great effect for the absorption processes. The gas stream mixture touched the MDEA solvent from the top of absorption tower with a countercurrent mode. In absorption processes, the H 2 S and CO 2 were removed from the gas stream, and the purified gas was released from the top of the absorption tower. Furthermore, the purified gas was introduced to the second level absorption tower to further absorb the H 2 S and CO 2 , in order to satisfy the requirement of the gas processing. Finally, the purified gas was transported to dehydration unit for further processing.
The purification efficiency of the absorption tower will be affected by the following factors: temperature of the absorption tower, pressure of the absorption tower, trays amount of the absorption tower, amount of cyclic MDEA solvent and amount of processed feed gas. In natural gas purification system, the temperature, pressure and trays of the absorption tower always remain unchanged after setting. The amount of cyclic MDEA solvent and amount of processed feed gas are the main variables in the absorption tower desulfurization processes. For convenience of analysis, only the key variables are considered in this paper.
B. PROBLEM DESCRIPTION
For the nature gas desulfurization process, it is pointed out that the amount of cyclic MDEA solvent and the amount of processed feed gas are the key parameters.
1) MDEA solvent. The amount of cyclic MDEA solvent directly affects the gas purification efficiency. Increasing MDEA solvent can improve the purification efficiency, but at the same time, the increasing MDEA solvent leads to an increase in energy consumption and economic costs. In addition, the increasing MDEA solvent has an effect on the level in the bottom of the regenerator and the gas-liquid flow of the regenerator. Therefore, controlling the amount of cyclic MDEA solvent is very important to the gas purification efficiency and system stability. 2) Feed gas stream. In Puguang gas field, the H 2 S content is up to 10%-17% and CO 2 content is up to 5%-8%. Gas desulfurization processes are complex and difficult, due to the high sulfur content and the great fluctuation of acid gas content in the feed gas. Therefore, to maintain the availability and effectiveness of the gas desulfurization processes, it is very important to control the amount of processed feed gas into the absorption tower. In order to make the H 2 S content and CO 2 content in the natural gas satisfy the production requirement, we can control the amount of cyclic MDEA solvent and feed gas to a reasonable range. Hence, the control problem of desulfurization process can be established, where the purpose is to find an optimal control strategy to make the content of H 2 S and CO 2 in the natural gas to reach a desired values.
C. CONTROL SYSTEM DESCRIPTION
The absorption tower desulfurization system can be represented by a nonlinear system as follows:
where x ∈ R n and u ∈ R m represent the state vector and the control action of the system, respectively. The system function f (·) is Lipschitz continuous on x ∈ R n . In this case, x(k) and u(k) can be defined as
, where x 1 represents the H 2 S content in natural gas, x 2 represents the CO 2 content in natural gas, u 1 represents the amount of processed feed gas in unit time, and u 2 represents the amount of cyclic MDEA solvent in unit time.
Considering the control for system (1) , the objective of the desulfurization control is to find optimal control sequence u(k) which minimizes the cost-to-go function formulated as follows:
where 0 < α ≤ 1 is a discount factor, U is the utility function.
Based on the Bellman's optimal principle, the cost-to-go function can be expressed as
where J * is the minimized cost-to-go function. The optimal control u * (k) is determined by
In the absorption tower desulfurization system, the control objective is to ensure the content of H 2 S and CO 2 track a desired value. The control error can be formulated as
where x * (k) is the desired value of H 2 S and CO 2 . Hence, the purpose of the gas desulfurization control is to minimize the error e(k), namely, obtaining an optimal control law makes e(k) converge to zero. In this case, the control objective of absorption tower desulfurization process is to minimize the error tracking error e(k), namely, obtaining an optimal control law makes e(k) converge to zero. Hence, the utility function U (k) can be defined as [29] 
Hence, the control objective is to minimize the infinite summation of U (k). For convenience, the objective is usually to minimize U (k) itself. Therefore, the control problems of absorption tower desulfurization process can be formulated, where the optimal control law u * (k) can be obtained if J * (k) can be obtained from (3).
However, the dynamics of desulfurization system is an unknown nonlinear function, we cannot utilize existing ADP approaches to solve (1) directly. Hence, we first reconstruct the system dynamics based on the input and output data using a neural network. According to the established data-based model, ADP controller is design to obtain the control law u * (k). In the following section, we will develop the data-based model and ADP controller in detail.
III. DATA-BASED MODEL FOR DESULFURIZATION PROCESS
In the nature gas system, the desulfurization process is a complex nonlinear process. It is difficult to construct a definite mechanism model for the complicated desulfurization system. Therefore, NN is employed to approximate the system (1) .
To obtain an accurate system dynamics, we use a three-layer back propagation (BP) NN to reconstruct the dynamic of the desulfurization process. The NN model is trained by using the lager number of data produced in the production process. In the NN model, current state x(k) and current control u(k) are the input, and next state x(k +1) is the output. Based on the universal approximation theory of NNs, the NNs representation of the desulfurization system (1) can be formulated by
where ρ m (k) = [x T (k), u T (k)] T is the input of NNs, w m and q m are the optimal weights of the input-hidden layer and hidden-output layer, respectively. For convenience of analysis, let the w m be a constant matrix. φ m (·) is a bounded activation function, such that φ m (·) ≤ φ E for a constant φ E . ζ (k) is the bounded reconstruction errors, which satisfies ζ (k) ≤ ζ E for a constant ζ E . Then the estimated system states can be formulated aŝ
whereq m is the estimation of the optimal weights q m . Hence, the state identification error is
). Then, the network error can be defined as
The estimated weights will be optimized by minimizing the identification error. Based on the gradient-based descent algorithm, the weights updating can be expressed aŝ
where l m > 0 is the learning rate. Theorem 1: Let the model network described by (8) be used to identify the desulfurization system (1) with the weight updating strategy (11) , then the identification error e m (k) is uniformly ultimately bounded.
Proof: Consider the Lyapunov function defined as
By taking the difference of the Lyapunov function, we have
If the learning rate l m satisfies 0
It means that the state estimation error e m (k) is uniformly ultimately bounded.
Remark 1: To obtain an accurate identification model, we use a large amount of input and output production data to train the NN. We trained the network using the production data collected off-line, where the off-line data include the system states and control inputs. The weights of the model network are kept unchanged after the training process is finished.
IV. NEURAL NETWORK IMPLEMENTATION OF THE IUKF-ADP METHOD
We design the multiple control variable IUKF-ADP algorithm based on the classic heuristic dynamic programming (HDP) architecture [34] . The goal of the IUKF-ADP algorithm is to obtain an optimal control law u * (k), which can satisfy the production requirements of the H 2 S and CO 2 . The IUKF-ADP structure includes the action network, the critic network, and the model network. The IUKF-ADP architecture for the natural gas desulfurization control is illustrated in Fig. 2 .
A. CRITIC NETWORK
The objective of the critic network is to approximate the costto-go function. We use a three layer BP NN to implement the critic network. Then, the output of the cost-to-go function J (k) can be calculated as
where n ci and n ch are the number of input layer nodes and hidden layer nodes, respectively; q i (k) and p i (k) are the ith input node and output node of the hidden layer; w (1) c ij is the link weight between the input layer nodes and the hidden layer nodes, and w (2) c i is the link weight between the hidden layer nodes and the output layer.
Then, the error function of the critic network can be expressed as Hence, the weights updating of the critic network is to minimize the following error function
Therefore, we can tune and optimize the weights of the critic network to minimize the cost-to-go function. In this paper, the IUKF algorithm is employed to replace the traditional gradient-based descent rule [35] .
B. ACTION NETWORK
We also use a three layer BP NN to implement the action network. In the action network, we consider multiple outputs control variable. The associated equations for the action network are as follows:
where h i and o i are the ith input node and output node of the hidden layer, respectively. v j is the jth output node input to the action node, u j is the output of the action network. n ah is the hidden nodes of the action network.
In the action network, the feedback signal is the error between the desired ultimate objective U c and the approximate cost-to-go function J from the critic network. It is indirectly propagated to the action network to adapt the control output. The error of the action network is as follows:
Hence, the purpose of the action network is to minimize the error by tuning the weights. In this paper, we also adopt the IUKF algorithm to optimize the error function (19) .
Remark 2: To maintain the stability of the natural gas desulfurization system, the developed ADP algorithm is implemented off-line. The critic and action NNs are also trained off-line. After the weights of the critic and action NNs are convergent, which means that the optimal control law have been obtained, then the control law is applied to control the desulfurization system.
C. IUKF-ADP ALGORITHM 1) OVERVIEW OF UKF
Unscented Kalman filter (UKF) is a widely used method for state estimation of nonlinear system. The specified chosen sample points can represent the true mean and covariance of the Gaussian random variable, where the posterior mean and covariance can be approximated by a third-order Taylor series expansion for any nonlinear Gaussian system. The main idea of the UKF is the unscented transformation (UT) that is an approach for calculating the statistical characteristic of the random variable of the nonlinear transformation [36] , [37] . UKF can provide an online parameters estimation mechanism, where the states of the networks can be updated immediately. Hence, UKF and its variants have been used to train neural networks in order to improve the training velocity and mapping accuracy [38] - [40] .
Considering the random variable x k is propagated through the nonlinear function y k = f (x k ). Assume the mean and covariance of x k arex k and D k , respectively. In order to approximate the statistical characteristic of y k , we use certainty sampling strategy to choose 2κ + 1 sigma vectors ξ i with weights υ i , namely,
where i = 1, 2, . . . , κ, υ m i and υ c i are the weights of predicted mean and covariance, respectively. ε = γ 2 (κ + η) − κ and η represent the scaling parameter and the secondary scaling parameter, respectively. γ is the distribution of the sample points, and β is used to approximate the prior distribution of x k .
We can obtain the transformed Y i by using a nonlinear transformation for sigma vectors as
The mean and covariance of y k can be approximated as
2) IUKF-BASED TRAINING
The training purposes are to obtain the optimal weights of the action network and the critic network by minimizing the error function. In the proposed method, weights w
a ij have a major effect on the prediction performance. It is difficult to choose the proper weights for the action network and the critic network. In this subsection, IUKF algorithm is presented to train the action network and the critic network in order to minimize the error function and improve the performance of the controller. The proposed method can decrease the training time to converge to steady state, and enhance the anti-interference ability of the natural gas desulfurization system.
Take action network weight-updating for example. We can form the state vector w k for action network as follows:
In IUKF method, the system state vector and observation vector can be expressed as follows:
where c k and o k are the system process noise and the observation noise, respectively. They are uncorrelated white Gaussian noise. F n is transfer function of the nth neural network layer, x(k) is the input of the neural network. The weight-updating process of IUKF are as follows:
Step 1: Initialize:
where w 0 is the initial state vector.ŵ 0 and D 0 are the mean values and covariance, respectively.
Step 2: Calculate the Sigma points:
Step 3: Predict update:
where p i,k|k−1 = ξ i,k|k−1 −ŵ k|k−1 .
Step 4: Measurement update:
where q i,k|k−1 = Y i,k|k−1 −ŷ k|k−1 , K = Dx kŷk D −1 y kŷk . In the traditional UKF-based training process, the initial filter values have great influence on the predictable performance. However, initial filter values are chosen randomly. Therefore, there have some differences between the initial value and the optimal value owing to the improper parameter. The deviations will affect the state matrix and covariance matrix, and the deviations will become larger as the implementation of filter. Meanwhile, the system model errors also affect the covariance matrix. If the model error is large, the covariance matrix of the predicted state should be enlarged. To reduce the effect of the errors produced by the improper initial filter value selection or system model, we use the adaptive factor k to adjust the covariance matrix.
After introducing the adaptive factor, suppose that the theoretic covariance matrix isD r k and the estimated covariance matrix of the predicted residual vector r k is obtained and denoted asD r k .
Then, the theoretic covariance matrix (36) is rewritten as
The predicted residual vector r k can be described by According to Sage's windowing, the estimated covariance matrix of z k can be designed as follows:
where N is the size of the window. After introducing the adaptive factor, the covariance matrix should satisfy the following condition based on the UKF optimality principleD
Considering the equation (42), we have
Multiply adaptive factor k in the both sides of equation (43), and considering the equation (36) , k can be written as k = tr(Dˆy kŷk )
In real industrial application, the adaptive factor should satisfies 0 < k ≤ 1, then the adaptive factor k can be designed as
, tr(Dˆy kŷk ) < tr(D r k ).
Therefore, according to formula (45) we can tune the adaptive factor to decrease the system errors and to improve the weight-updating performance.
V. EXPERIMENTS AND DISCUSSION
In this section, numerical experiments are carried out to demonstrate the effectiveness of the IUKF-ADP algorithm using the gas natural desulfurization data. In the experiment simulation, in order to satisfy the requirement of the operating condition in Puguang gas field and the level I national standard, the corresponding parameters of our simulation are summarized in Table 1 .
To obtain an accurate model network, a three-layer BP NNs with the structure 4-10-2 is used to establish the system model. We use off-line input and output data of the desulfurization system to train the neural network.
The inputs data include the H 2 S content x 1 , the CO 2 content x 2 , the processed feed gas u 1 and the cyclic MDEA solvent u 2 , and outputs data include x 1 and x 2 . Let the learning rate of the model network be 0.05. To reach the training precision 10 −6 , 8000 sets of data from real production date of Puguang gas field were selected to train the model network by gradient descent update rule. The experimental results is shown in Fig. 3. From Fig. 3 , it obvious that the identification errors of model NNs can converge to a small region of the origin. After the training process is finished, the weights of the model network are remain unchanged.
Then, the developed IUKF-ADP method is used to obtain the optimal control law. Two three-layer BP NNs are used to train the critic network and the action network with the structure of 2-6-1 and 2-6-2, respectively. Let the learning rate be 0.05, and training error less than 10 −5 . The weights of the hidden to output layer of the critic network and the action network are shown in Fig. 4 and Fig. 5 , respectively. It can be seen that the weights will converge to the stable values.
Let the initial state of H 2 S and CO 2 be x(0) = [1.85, 1.9] T , and set the desired state be x * (k) = [1.53, 1.6] T . Then, we test the optimal control performance of the IUKF-ADP controller. Fig. 6 shows the desulfurization process tracking results of H 2 S and CO 2 under the IUKF-ADP controller and the direct HDP controller. It can be observed that the two approaches are seen to track the desired value, whereas, the proposed approach takes less time to converge to the desired value with a higher precision. For example, in Fig. 6(a) the IUKF-ADP approach need about 25 time steps to convergence while the direct HDP approach need about 50 time steps. From these results, we could also conclude that the weights of both action network and critic network are quickly convergent by using the proposed weight-updating approach. The corresponding control inputs are shown in Fig. 7 . It obvious that the convergence speed of the IUKF-ADP supplementary control are more faster than the HDP, and the control inputs are more stable.
To verify the control performance of the IUKF-ADP algorithm in real industrial application, uniform noises are added on the state variables of control system Fig. 8 shows the simulation results with our approach and the direct HDP. From Fig. 8 , one can find that the transient response of the desulfurization system has been improved and the controlled state of H 2 S and CO 2 have been converged quickly after the interference. It is worth noting that the IUKF-ADP approach leads to a better performance than the direct HDP. In particular, the output of the H 2 S content and the CO 2 content can reach to the set value (black dashed line) quickly with the IUKF-ADP supplementary control. These results demonstrate that the proposed IUKF-ADP method not only guarantees the convergence speed but also ensures the anti-interference ability simultaneously.
At the same time, we display the control inputs u 1 and u 2 in Fig. 9 . From this figure, we can see that the control inputs of the proposed method can converge to the the steady state quickly with a very small oscillations.
VI. CONCLUSION
This paper investigates the data-based desulfurization control problem of natural gas under the framework of ADP. The proposed method does not require the accurate mathematical model of the desulfurization system, which is more applicable to complex industrial systems. By establishing the performance index function, desulfurization control problem is formulated into an optimal control problem. An improved unscented Kalman filter algorithm is developed to update the weights of the action network and the critic network. Compared with the traditional ADP controller, the proposed IUKF-ADP method can provide good convergence speed and favorable anti-interference ability. The proposed IUKF-ADP algorithm is applied to the natural gas desulfurization process, and experiment results demonstrate the effectiveness of the controller. The proposed approach is based on the HDP frame. In our future work, we intend to extend the current method to other types of ADP design, such as DHP, GDHP and GrHDP, and apply our method to other complex industry systems.
